Purpose -This study aims to provide the first longitudinal examination of the relationship between affective, calculative, normative commitment and customer loyalty by using longitudinal panel survey data. Design/methodology/approach -Repeated measures for 269 customers of a large financial services provider are employed. Two types of segmentation methods are compared: predefined classes and latent class models and predictive power of different models contrasted. Findings -The results reveal that the impact that different dimensions of commitment have on share development varies across segments. A two-segment latent class model and a managerially relevant predefined two-segment customer model are identified. In addition, the results demonstrate the benefits of using panel survey data in models that are designed to study how loyalty develops over time. Practical implications -This study illustrates the benefits of including both baseline level information and changes in the dimensions of commitment in models that try to understand how loyalty unfolds over time. It also demonstrates how managers can be misled by assuming that everyone will react to commitment improvement efforts similarly. This study also shows how different segmentation schemes can be employed and reveals that the most sophisticated ones are not necessarily the best. Originality/value -This research provides the first examination of models for change in customer loyalty by employing survey panel data on the three-component model of customer commitment (affective, calculative, and normative) and considers alternative segmentation methods.
Introduction
Many research papers have studied the effect of customer commitment on customer loyalty. The theoretical grounding for the models of customer commitment proposed by marketing scholars borrowed from extensive research in organizational behavior ( Jones et al., 2008, p. 473) in which the multiple components of employee commitment, its interplay and influence on outcomes such as employee turnover have been studied intensively (Klein et al., 2009) . Customer commitment as a driver of customer loyalty became popular since the seminal work of Morgan and Hunt (1994) appeared in the Journal of Marketing. The electronic database Web of Science, for instance, reveals more than 2,600 citations in peer-reviewed journals for Morgan and Hunt (1994) of which two-third of citations cover a first time span of 15 years (1994) (1995) (1996) (1997) (1998) (1999) (2000) (2001) (2002) (2003) (2004) (2005) (2006) (2007) (2008) (2009) , and one-third of publications cover the recent contributions in the last three years (2010) (2011) (2012) . Hence, it is clear that the concept of customer commitment has increased in popularity over time.
One of the most significant developments in the organizational behavior literature on commitment has been the recognition that it can take different forms (Meyer et al., 2004) . Four years before Morgan and Hunt (1994) published their article on customer commitment, Allen and Meyer (1990) proposed a three-component model of employee commitment including affective, calculative (also known as continuance commitment), and normative commitment. In essence, affective commitment pertains to "wanting" to maintain the relationship; calculative commitment pertains to "having" to maintain the relationship; and normative commitment pertains to feelings as though you "should" maintain the relationship (Gruen et al., 2000; Kelly, 2004) . These different forms of commitment can also be described as "emotional", "rational" or "moral" attachments, respectively, (Jones et al., 2010) . The three-dimensional model of commitment has been widely used and empirically supported in the organizational behavioral literature (Klein et al., 2009 ) and confirmed in other research disciplines. Echoing the research of Allen and Meyer (1990) and Adams and Warren (1997) , for instance, supported the existence of three similar dimensions of marital commitment. In contrast, the overwhelming majority of research in marketing, has treated customer commitment as a one-dimensional construct (most commonly operationalized as affective commitment). Our investigation uncovered 12 studies in the peer-reviewed marketing literature in which all three components of customer commitment were linked to behaviors and/or behavioral intentions associated with customer loyalty and include: four published papers between 1997 and 2007 (Barksdale et al., 1997; Gruen et al., 2000; Bansal et al., 2004; Bloemer and Odekerden-Schröder, 2007 ) and a double number of publications (eight) in the last four years (Cater and Zabkar, 2009; Cater and Cater, 2010; Hur et al., 2010; Jones et al., 2010; Cater et al., 2011; Kim et al., 2011; Melancon et al., 2011; Beatty et al., 2012) . Hence, it is clear that the usage of the three-component model of commitment in the marketing literature is booming. Unfortunately, all of the aforementioned studies use a cross-sectional design despite the widespread belief that commitment develops over time based on exchanges with the organization (Meyer and Allen, 1991) and despite widespread recognition that "marketers should recognize changes in [attitudinal measures] over time" when evaluating their impact on customer behavior (Bolton et al., 2004, p. 277) .
In addition, one of the most critical challenges within commitment research is capturing the complex interplay among the multiple dimensions of commitment, JOSM 25,1 especially as they change over time (Klein et al., 2009) . In the organizational behavior literature, different analytical tools have been proposed to study the joint effect of the dimensions of commitment (Klein et al., 2009) . The use of interaction terms in regression models provides one approach (Meyer and Allen, 1991; Meyer and Herscovitch, 2001 ; also in marketing: Bansal et al., 2004; Gustafsson et al., 2005) . Alternatively, one can study the joint effect of the dimensions of commitment by focusing on customer segments. The best models describing the effects of changes in commitment can then be found separately within each segment. These segments might be identified statistically using a latent class analysis or they could be predefined segments that are either obviously distinct from a managerial point of view or predefined in a way that is grounded in theory (Barksdale et al., 1997; Jones et al., 2010) . To date, no study has examined the moderators of three-component model of customer commitment as they change over time, by using segmentation methods and/or interaction terms.
This research contributes to the literature on customer commitment and loyalty in two important ways:
(1) It provides the first longitudinal examination of the three-component model of customer commitment and customer loyalty by studying how changes in levels of customer commitment (affective, calculative, and normative) link to customer share development. As such, we illustrate the benefits of including changes in the dimensions of commitment in models that are designed to explain how loyalty develops over time, as contrasted with models that conceptualize these dimensions at baseline only. (2) It examines how the impact of commitment on share development differs across customer segments, taking a dual approach: using a managerially relevant predefined segmentation scheme, and comparing it with a model-based segmentation technique (i.e. latent classes). In addition, interaction effects are tested to examine the potential interplay among dimensions of commitment, satisfaction, and changes in customer demographics (i.e. situational triggers).
2. Theoretical background 2.1 Changes in affective, calculative, and normative commitment and customer share development Although there are no longitudinal studies in the marketing literature of changes in any dimensions of commitment, the migration and switching literature might provide some theoretical foundation for their impact on changes in share of wallet (SOW). First, it has been recognized that a lack of alternatives and costs associated with moving/switching (e.g. financial, emotional, time, effort, and ability) constrain the switching decision (Bansal et al., 2005; Bolton et al., 2000; Jones et al., 2000; Sell and De Jong, 1978) . Therefore, it is logical to presume that increases in customers' calculative commitment would reduce the likelihood that customers would partially or completely defect (i.e. reduce their SOW). Second, the migration and switching literature recognizes that normative concerns constrain or facilitate switching behaviors (Bansal and Taylor, 1999; Bansal et al., 2005; Gardner, 1981) . In particular, the greater the normative pressure to stay in a relationship, the greater the likelihood that customers will not defect (partially or completely). Finally, it is plausible that an increase in the enjoyment of the relationship will make competing offerings less Longitudinal examination attractive, since higher levels of pleasure and positive emotions have been found to strengthen customers' loyalty intentions (Baker et al., 1992; Yu and Dean, 2001 ). The organization behavior literature has also recognized that the evolution of commitment over time is a critical index of the way the relationship between an employee and his/her employer evolves over time. Although many researchers within this stream have investigated the different dimensions of commitment, few have examined their impact as they change over time. Even in the case of the most carefully conducted longitudinal studies, the effects of changes in commitment have not been examined in the vast majority of studies (Bentein et al., 2005; Klein et al., 2009) . The research by Bentein et al. (2005) forms a notable exception. These authors found a significant association between the change trajectories, specifically, the steeper the decline in an employee's affective and normative commitments across time, the greater the rate of increase in that individual's intention to leave and the greater the likelihood that the person actually left the organization over the next nine months [1] .
Based on findings regarding the impact of the commitment dimensions on behaviors and/or behavioral intentions associated with customer loyalty from non-longitudinal studies in the marketing literature, the migration and switching literature, and the findings in the organizational behavior literature, we propose the following hypothesis:
H1. The change in any dimension of commitment (affective, calculative, or normative) is positively associated with customer share development.
The interplay among commitment dimensions: customer segments and interaction terms
In the organizational behavior literature, different analytical tools are used to study the joint effect of the dimensions of commitment (Klein et al., 2009) . The use of interaction terms in regression models provides one approach (Meyer and Allen, 1991; Meyer and Herscovitch, 2001 ; also in marketing: Bansal et al., 2004; Gustafsson et al., 2005) . In this case interactions are considered primarily as moderators in models that already include the main effects. Alternatively, one can study the joint effect of the dimensions of commitment by focusing on customer segments, where individuals in each segment start with similar profiles at baseline. In the organizational literature, Vandenberg and Stanley (2009) take a similar approach. The best models describing the effects of changes in commitment can then be found separately within each segment. These segments might be identified statistically using a latent class analysis or they could be predefined segments that are either obviously distinct from a managerial point of view or predefined in a way that is grounded in theory (Barksdale et al., 1997; Jones et al., 2010) .
In this research, we use and assess all three analytical approaches: interactions terms, latent classes and predefined classes. In determining the predefined classes, we employ a simple version of the Reinartz and Kumar's framework (2003, p. 95) , in which they distinguish between a low and a high SOW group at baseline. In our case, we build models separately for customers who have a SOW below 100 percent at baseline (Segment 1, 75 percent of the sample), and those who start with a baseline SOW of 100 percent (Segment 2, 25 percent of the sample). From a managerial point of view, one would want to consider these two segments separately, given that each presents different challenges. In Segment 2 the goal is to preserve SOW since it cannot JOSM 25,1 increase for this segment, and in Segment 1 to facilitate an increase. Thus, it seems important to study how changes in dimensions of commitment relate to changes in SOW separately in each segment.
The structure of the interplay among the dimensions of commitment is potentially very complex. Vandenberg and Stanley (2009, p. 409) note that:
Commitment research will need to go through a period of informed exploratory research until we have gained enough confidence to know and understand how the different dimensions combine with one another.
Therefore, only a general, and no specific hypothesis regarding the potential interplay among the commitment dimensions is formulated:
H2. The impact of commitment on share development is different across segments of customers.
Control variables: change in customer satisfaction and situational triggers
The main focus of this paper is on changes in the three-component model of customer commitment and share development while using a longitudinal research design (panel survey data) and testing alternative segmentation schemes. Nevertheless, we build on the prior loyalty literature and also account for factors that have been identified to relate to changes in loyalty. These include change in customer satisfaction and customer characteristics that can change over time. For instance, in a longitudinal examination of the Canadian banking industry, Cooil et al. (2007) found that changes in satisfaction had a positive relationship to changes in SOW. Furthermore, research has found that the relationship between customer attitudes and customer intentions and/or behaviors is moderated by situational characteristics of customers. Implicit in the measurement and use of customer characteristics is the belief that changes in these characteristics (i.e. situational triggers, Roos, 1999 Roos, , 2002 Roos and Gustafsson, 2007) will alter the basis of the business-customer relationship. Demographic changes (e.g. marital status, changes in number of children in household, etc.) and changes in economic situations (e.g. change of job, etc.) are believed to alter customers' evaluations of a product or service (Gustafsson et al., 2005) . Triggers are frequently cast as "alarm clocks" which create an impetus for action (Edvardsson and Strandvik, 2000; Gardial et al., 1996) . The most extensive study to date regarding the moderating influence of customer characteristics on the relationship between customer satisfaction, commitment and customer behavior is research conducted by Gustafsson et al. (2005) . In particular, using cross-sectional survey data to gauge customer satisfaction and customer commitment (affective and calculative only, and measured at baseline period only), Gustafsson et al. (2005) examined the direct and moderating impact of triggers on actual customer defection rates nine months into the future. Their research found no significant direct effect, nor any significant moderating effect with the commitment dimensions. In modeling the relationship, however, Gustafsson et al. (2005) used an overall construct to represent the triggers (e.g. "there has been a recent change in your working conditions, family situation, or living conditions [. . .]") as opposed to assessing potential triggers separately. The inability to distinguish among triggers may explain why Gustafsson et al. (2005) could not find a significant impact although they had postulated one should exist. Clearly, changes in economic circumstances could change customers' levels of calculative commitment.
Longitudinal examination
For example, the loss of a job could make a fee structure that previously was considered minor to now be considered burdensome. Similarly, other changes can alter our affective and normative commitment to a relationship. In particular, psychologists have long recognized that changes in life stages often result in a re-evaluation of relationships and the corresponding attachment towards them (Levinson, 1978) . This study also includes information on situational triggers that prior research suggests could affect the satisfaction, commitment, and share-of-wallet relationship. The second part of Table I presents the specific situational triggers investigated and the sources which support the inclusion of each trigger.
Research design 3.1 Data collection
The data used in this study was collected from customers of a large financial services provider and comes from two sources:
(1) the company's internal records of customers' transactions and accounts; and (2) the results from customer surveys gathered over two consecutive years.
A large market research company was in charge of the customer survey. Customers were sampled at the household level (i.e. only one individual per household was allowed to participate; interviewers always ensured that individuals who were most knowledgeable on the subject of the study were interviewed). The interviews took place in February 2007 (t1) and April 2008 (t2). The first wave of the survey resulted in 1,214 completed interviews and 802 usable responses. In the second wave (t2), 301 of the 802 households who participated in t1 also participated in t2, of which 269 were finally retained. To assess non response bias at t2, we examined whether respondents and non-respondents differed significantly with respect to the variables being investigated in this study. All t-tests revealed insignificant differences ( p-values . 0.05) suggesting the lack of non response bias.
To help ensure the validity of SOW information used in this research, all account information reported in the survey was validated using the firm's internal customer database (customer confidentiality was maintained through the use of numerical identifiers that were created for this study, so that the identification of households was not revealed). This included verification that the stated product possession with the company was in correspondence with the actual ownership as determined from the data warehouse. As a result, 412 households were removed since (part of) their answers did not reflect actual ownership at time 1 and another 32 households were removed at time 2; resulting in an effective analysis sample of 269 households for which data were available at both time points.
3.2 Share of wallet SOW is defined as the percentage of total money deposited in financial institutions (e.g. checking accounts, savings, investments, etc.) allocated to the financial institution. This definition and conceptualization is analogous to that used by Cooil et al. (2007) .
Measures of constructs
To help ensure the validity of the commitment variables under investigation, all constructs were taken directly from prior literature (with only minor wording JOSM 25,1 modifications to fit the industry under investigation). Items for affective commitment and calculative commitment were adopted from research by Gustafsson et al. (2005) . Items for normative commitment were adopted from Kelly (2004) (Table I) . Construct To measure customer satisfaction, respondents were asked to provide a global, cumulative judgment of satisfaction with the financial services provider (Bolton, 1998; Bolton and Lemon, 1999; Cooil et al., 2007; Keiningham et al., 2007; Mittal et al., 1999; Rust et al., 1995a) .
All questionnaire items used in the commitment-satisfaction constructs were measured on an 11-point scale, anchored by 0 -totally disagree (very dissatisfied) and 10 -totally agree (very satisfied). Table I summarizes the structure of the multi-item constructs used.
3.4 Reliability and discriminant validity of the multi-item constructs for commitment For each of the three types of commitment, we found that the first principal component of the corresponding set of measures in Table I (from the baseline period, t1) provided a reliable index, and that each component also had relatively high discriminant validity. Each component explained more that 50 percent of the total standardized variance, indicating that each would serve as a reliable index (Fornell and Larcker, 1981; Hjorth, 1994) . The lowest Cronbach's a value of 0.68 was for the calculative commitment construct but the other constructs had a values at or above 0.90. These results are summarized in Table I . Also, in the analysis of the sub-items listed in Table I , for satisfaction and each type of commitment, it was only the first principal component that explained more variance than any individual measure (i.e. in each case, only the first component had an eigenvalue that was greater than 1). Finally the square of the correlation between each pair of the three principal components is smaller than the proportion of variance explained (PVE) by each component in that pair. At baseline the largest squared correlation has a value of 0.30 (0.548 2 ), and it is between the principal components for the affective and calculative commitment. In contrast, the lowest PVE, which is for the calculative commitment construct, is 0.61 (61 percent in Table I) , and thus, the PVE for each construct is much greater than the largest squared correlation between constructs. This indicates that each component has sufficiently high discriminant validity (Fornell and Larcker, 1981; Lord and Novick, 1968) . Consequently, we will use each of these three principal components as our primary measures for each dimension of commitment. Finally, the overall satisfaction measure has correlations of 0.45, 0.53, and 0.55 with the constructs for affective, calculative and normative commitment, respectively; the largest squared correlation among these (0.55 2 ¼ 0.30) is also smaller than the smallest PVE among constructs (61 percent for calculative commitment) indicating that overall satisfaction is also a distinctly different attitudinal measure. (Baseline correlations, and correlations between baseline and period 2 values for overall satisfaction and each dimension of commitment are provided in the Appendix).
Operationalization of change variables
Customer share development is calculated as:
Similarly, change in satisfaction and the change in each dimensions of commitment are also calculated as the difference between the value at period 2 and the baseline value. Satisfaction is measured on an 11-point (0-10) scale. In contrast, the value of each dimension of commitment at the baseline is expressed in percentile units.
JOSM 25,1
For example, a baseline value of 35 for affective commitment would indicate that the customer's measured affective commitment was at least as high as that of 35 percent of the sample at baseline (and generally below the other 65 percent of the sample). Similarly, the change in each dimension of commitment is also expressed as the amount by which a customer's percentile has changed relative to the baseline sample. Thus, a change in affective commitment of þ 15 (2 15) indicates that a customer's affective commitment has increased (decreased) 15 percentile points on the baseline scale. Consequently, in any linear model of the form:
the coefficient, b, of the change in affective commitment will represent the change in SOW that is associated with a 1 percentile increase in affective commitment, assuming other predictors in the model are held constant. The coefficients of the change in other dimensions of commitment would also have the same type of interpretation.
Data analysis and findings
Our summary of the analysis and findings is organized as follows:
.
We study descriptive statistics for customer attributes, situational triggers and the baseline and change values for all of the primary variables (each dimension of commitment). These values are also compared between the two segments defined earlier: customers who have a SOW below 100 percent at baseline (Segment 1) versus customers with a baseline SOW of 100 percent (Segment 2) (Table II ).
. H1 is tested directly by regressing customer share development on each of the primary variables in partial simple linear regressions where we first correct for all baseline differences among customers (Table III) .
. Multiple regression models within segments (nested regressions) are used to study the concomitant effects of all the primary change variables. This section explores the potential interplay among commitment dimensions by using predefined classes (testing H2).
The most important interactions among the primary variables (baseline and change values) are summarized. This section explores the interplay among commitment dimensions by introducing interaction terms (testing H2).
The best latent class model is compared with the predefined class models. This provides an alternative approach to studying the interplay among commitment dimensions (testing H2).
. Finally, we study the best models for customer share development that use only baseline information and change in commitment information is ignored.
4.1 Descriptive statistics: baseline and change ((period 2) -baseline) Table II provides a statistical summary of baseline and change values for each of the variables. These are presented for all customers and for the two most managerially relevant predefined segments, those customers who start at a SOW of 100 percent at baseline (25 percent of all customers) and those who are below 100 percent. Among all customers, average baseline SOW is 61 percent, and it decreases by half a percent (2 0.51) between the two periods, although this change is not significant.
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Segmentation by baseline SOW Notes: Significant nonzero change between time 2 and time 1: * p , 0.05, * * p , 0.01 and * * * p , 0.001, all are two-sided tests; this is based on an analysis of 269 household at each period; the average commitment percentiles for all customers at baseline are generally slightly above 50, indicating a slight positive skew in these distributions; "NA" in the last column indicates that the statistical test is not appropriate because these segment means are significantly different simply because of the way these segments are defined Average satisfaction is 8.1 (0-11 scale) at baseline and falls an apparently small but significant 0.32 points ( p , 0.001). Also, there are significant changes in each dimension of commitment; calculative commitment increases by 11 percentile points, while both affective and normative commitment fall by 11 percentile points ( p , 0.001 in each case). Finally, a significantly nonzero percentage of customers are affected by each of the situational triggers ( p , 0.001 in each case), including changes in job status, although in this case it is not due to a significant proportion of customers becoming unemployed (only 0.7 percent become unemployed). Table III provides a summary of simple linear regressions of customer share development on changes in each of the primary variables. To adjust for differences across customers at baseline, simple regressions and correlations were found between the adjusted customer share development and an adjusted version of each of the primary variables. To make this adjustment, we used the residuals of the change in SOW and the change in each primary variable after each had been regressed on the baseline values of SOW, overall satisfaction, and each dimension of commitment, along with all the basic demographic variables (i.e. age, tenure with company, experience, education, income, whether the head of household is married or living together, whether there were children at home). When this adjustment is made to offset baseline differences among customers, the resulting partial simple linear regression estimates are all significant ( p , 0.001) (the coefficients of all these regressions are in the second column of Notes: Significant at: * p , 0.1, * * p , 0.05 and * * * p , 0.01, all are two-tailed tests; n ¼ 269; the partial simple linear regression coefficients are reported with their standard errors in the second column; each cell of the last four columns contain the partial correlations; the two-sided p-value of each correlation is in parenthesis; when partial coefficients and partial correlations are calculated, the following baseline variables are conditioned on (i.e. adjusted for): age, tenure with company, experience, education, income, whether the head of household is married or living together, whether there were children at home, and the baseline levels of SOW, overall satisfaction, and each dimension of commitment change in overall satisfaction is measured as change on the 11-point (0-10) scale for this single-item; change in each commitment dimension is measured as percentile change relative to the baseline 4.3 Multiple regression models within customer segments: examining the interplay among commitment dimensions using predefined classes In this section, we build separate models within customer segments, where these segments are defined so that, within each segment, the change in SOW can be summarized adequately in terms of a multiple regression on the variables of Table II . One of the simplest approaches of this type is to use the predefined customer segments of Table II , and build models separately for customers who have a SOW below 100 percent at baseline (Segment 1, 75 percent of the sample), and those who start with a baseline SOW of 100 percent (Segment 2, 25 percent of the sample). Table IV shows two multiple regression models within each of these two segments:
The univariate effects of changes in commitment dimensions (testing H1)
(1) a regression on all variables; and (2) the models that minimize the Bayesian Information Criterion (BIC) within each segment among all multiple regression models based on these variables (referred to as the "best" models in Table IV , these models were found by best-subsets regression analyses).
We chose BIC because it is a consistent criterion under general conditions (Rao and Wu, 1989; Woodroofe, 1982) , and there is substantial theoretical and empirical work which shows that it provides a way of selecting the model that best represents the actual relationship among the variables in many settings (Steyerberg et al., 2001; Rust et al., 1995b) , including latent class analyses (Biernacki and Govaert, 1999; Dias, 2004) . In Table IV , affective commitment at baseline and affective commitment change are primary components of each of the best models within segment, and the coefficients of each of these variables are not significantly different across segments ( p . 0.2, in each case). These coefficients show that there is a positive association between positive change in SOW and both higher baseline affective commitment and positive change in affective commitment. Among customers in Segment 2 (SOW is 100 percent at baseline) there is an average decrease of 14 percent in SOW among customers for whom there is a change in job status, ceteris paribus.
Using interactions to study the interplay among commitment dimensions
In conjunction with the best models of Table IV , we also considered all two-way interactions among the main effects associated with those models. Within either segment, none of the models with interaction provide lower BIC values than the best models of Table IV. Models that minimize BIC are not generally models that minimize the variance of error, and in this section we consider those models that provide a marginal decrease in the variance of error, although in every case they have larger BIC values than the best models of Table IV. In Segment 1 (baseline SOW below 100 percent), there is only one model with interaction that provides a smaller error variance than the best model in )]}; this is based on an analysis of 269 household at each period; the "best models" are the ones that minimize BIC (and typically do not minimize R 2 adjusted); the following predictors are indicators (0-1 dummy variables): "income . e3,000/month", "some university education", "married or living together", "children living at home"; the additional situational changes listed in Table III (divorce or death of spouse, becoming unemployed, decreases income) were also considered but were not predictors in the best model Table IV . Models for change in SOW: baseline attributes, satisfaction, commitment, and situational changes
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The coefficients of the main effects in this model are similar to those of the model without the interaction term. Also, the interaction term is not significant ( p ¼ 0.122), and provides a very small downward adjustment in the predicted change in SOW, which only marginally improves the fit (R 2 adjusted increases 0.6 percent in absolute terms; 23.9 percent versus 23.3 for the main effects model) presumably because of the bounded nature of SOW. The error variance of this model increases when the other two interaction terms and the three-way interaction term (that correspond to the main effects in this model) are added individually or in any combination.
In Segment 2 (baseline SOW is 100 percent), two interaction terms are marginally significant when added to the best model of Table IV , and the model with both of these interaction terms has an R 2 adjusted that is 6.3 percent larger (29.5 percent versus 23.2 percent for the main effects model): (the two-tailed p-values for the last two interaction terms are 0.018, and 0.052, respectively). In this model, both change in affective commitment and change in job status have coefficients of the same sign as in the main effect model of Table IV , but each coefficient is now more than twice as large in absolute terms. The interaction of these two effects indicates that when there is a change in job status, an additional positive adjustment of 0.33 in change in SOW accrues for every 1 percentile increase in baseline affective commitment (ceteris paribus). The small positive coefficient of the interaction between the two affective commitment variables indicates their effect is slightly super-additive. The other two-way interaction among main effects and th three-way interaction are not significant and do not provide any reduction in the variance of error when added to this model individually or in any combination.
Using latent classes to study the interplay among commitment dimensions
A latent class regression analysis (Vermunt and Magidson, 2005, pp. 33-36; Cooil et al., 2007, p. 79) was also used to search for alternative customer segmentation and within segment regression models for customer share development. These models rely on covariate variables that are used to determine how customers should be classified to segments (through logistic regressions) and on a set of regression predictor variables that are used in the within segment regression model for change in SOW. As covariates for identifying the customer segments, we considered the baseline levels of satisfaction, each dimension of commitment, and the baseline SOW value (including an indicator for customers who were at a baseline level of 100 percent). As within-segment regression predictors for changes in SOW, we considered the same baseline variables along with the change in satisfaction, the change in each dimension JOSM 25,1 of commitment, and situational triggers. Starting with all candidate covariates and predictors, we used each stage of the following procedure to find models with the lowest BIC values:
(1) given a selection of predictors, covariates are eliminated in a stepwise procedure and the corresponding optimal number of segments was reselected at each step; and (2) given a set of covariates and a fixed number of segments, predictors within each segment were eliminated in a stepwise fashion.
To find models with even lower BIC values, we continued with successive iterations of this two-stage procedure. The same procedure was used separately to find the best two-segment model (without reselecting the number of classes in Stage 1). In the final stage, we tried forward steps, where each excluded predictor and covariate was added individually to see if lower BIC values were possible. A similar procedure is described by Cooil et al. (2007, p. 79) . We used Latent Gold 4.5 for the analysis, with multiple starting points to estimate each model. The best models invariably included the identification of the segment of customers who have a SOW of 100 percent in period 2 (27.5 percent of the sample). Technically, we do not have a regression model within this segment, since the change in SOW is deterministically the difference between 100 percent and whatever the value of SOW at baseline (e.g. 0 percent for those customers that start at 100, or 25 percent for those who start at 75 percent, etc.), so that there is no error variance within this segment. This analysis also showed that when more than two segments were used, it was generally difficult to classify customers accurately to segments, and even the best models with more than two segments provided correct classification probabilities at or below 73 percent. Nunally and Bernstein (1994, pp. 264-265) suggest that 70 percent would be an appropriate minimum reliability only "in the early stages of predictive or construct validation research". Consequently, if we require a model that correctly classifies customers to segments with probabilities that are substantially above these minimal levels, only one-or two-segment models are relevant from a managerial standpoint.
Among potential one-and two-segment models, the model that minimizes BIC is a two-segment model and this prescribes the simplest version of the model described above: it defines segments on the basis of whether or not customers are at 100 percent SOW in period 2. Among those who are at 100 percent share in period 2, 64 percent also have a SOW of 100 percent at baseline, so this is a different segmentation from that of Table IV , although there is substantial overlap. The two covariates used to identify this segment are calculative commitment at baseline, and an indicator for whether the customer's baseline SOW is 100 percent; the log of the ratio of probabilities of being in the smaller Segment 2 (those at 100 percent share in period 2) relative to all other customers in Segment 1 is: log e ðP½Segment 2=P½Segment 1Þ ¼ 22:74 þ 2:59 ½Indicator for Baseline SOW ¼ 100% þ 0:0166 ½Calculative Commitment Percentile at Baseline:
In the sample, the relative sizes of Segments 1 and 2 are 72.5 and 27.5 percent, respectively. Using the two covariates in equation (5), the model correctly classifies customers to these Longitudinal examination segments with 82 percent probability (l is 35 percent, i.e. the correct classification rate of 82 percent represents a 35 percent reduction relative to the accuracy of random classifications to segments of the same size).
Allowing for misclassification, this two-segment model has a slightly lower overall R 2 (adjusted) than the best segmentation model of Table IV , which was based on whether or not share is 100 percent at baseline (R 2 is 28.1 percent versus 28.3 percent for the model of Table IV) . Also, the model within the larger latent class segment (Segment 1, 72.5 percent of the sample) is very similar to the model of Table IV for customers with a baseline share value below 100 percent (the predictors are identical and the absolute difference in coefficient values is never greater than 10 percent relative to the values in Table IV ).
4.6 Putting it all together: the influence of customer segments (testing H2) The examination of predefined and latent classes reveals that commitment is linked differently to SOW at baseline and to share development across segments. Higher baseline levels in any type of commitment are associated with the predefined segment that has the highest SOW at baseline (Segment 2). Also baseline SOW in combination with baseline calculative commitment are identified as good predictors to classify customers to one of the two latent classes, of which the smallest segment is very intriguing. More precisely, in Segment 2 of the latent class model (27.5 percent of the sample) customers stayed or increased their SOW to 100 percent, presumably because of the high initial levels of calculative commitment at baseline. Hence, for this segment changes in commitment dimensions have no influence on share development, rather the high initial level of calculative commitment can be considered as the main reason why these customers allocate more money to this preferred provider until it finally becomes the single provider. In contrast, in Segment 2 of the predefined segmentation model (25 percent of the sample; starting with a baseline SOW of 100 percent) changes in affective commitment relate to share development. Segments 1 and 2 of the predefined segmentation scheme both reveal that changes in affective commitment are linked to share development. However, the investigation of interaction effects reveals some significant differences across these two predefined segments. More precisely, two interaction terms are responsible for an increase in R 2 adjusted of 6.3 percent for Segment 2, whereas these interactions do not exist in the other segment. In sum, the findings indicate that the interplay among commitment dimensions and its interaction with other variables differ across both segments. H2 is therefore supported.
4.7
The best models that use baseline information only Finally, in order to demonstrate the benefits of including changes in commitment dimensions in models that try to understand customer share development, we estimate alternative models that ignore these dynamic effects. The best models that use only baseline information (i.e. the models that minimize BIC within segments of Table IV) are not very predictive. When baseline SOW is less than 100 percent (Segment 1), the best model is: (Table IV) and hence explain a significant higher proportion of the variance in customer share development than models that treat commitment as static variables only (i.e. R 2 adjusted of 3.7 and 8.8 percent, respectively).
5. Discussion, implications, limitations, and future research directions For researchers and managers, it is important to gain insight into how loyalty develops over time, and to determine the drivers of change in loyalty. This study advances the empirical research regarding the relationship between the three-component model of commitment, and customer loyalty in several ways. First, this study reveals that, overall, the change in any dimension of commitment is positively associated with customer share development (supporting H1). Second, the analysis of customer segments and the examination of interaction effects demonstrate that it is misleading to assume that everyone will react in the same way to efforts that are designed to cultivate customer commitment (supporting H2). Further, we show that the best models that use only baseline variables are not very predictive. More precisely, change in commitment dimensions are needed to enhance the PVE in longitudinal models of loyalty. Finally, this study finds that among situational triggers, only job changes significantly impact share development, and this is a negative impact that only occurs for a subsample of the studied population. Still, the existence of such effects in other studies (Doyle, 2002; Roos and Gustafsson, 2007) , and the widely used practice of customer life stage segmentation (Swift, 2000) indicate that situational triggers remain an important topic for further research. It may be that triggers take a longer time to affect SOW than the 14-month period considered here. Also, the changes in a customer's affective, calculative, and/or normative commitment levels may already capture the relevant effects that situational triggers have on loyalty behavior. Further research on this topic is warranted.
Our research findings have several implications for managers and researchers. First, many companies conduct customer satisfaction surveys (Morgan and Rego, 2006 ) on a regular basis, and often employ independent customer samples that cannot be linked. Our results demonstrate the importance of using panel survey data in order to better understand and predict how loyalty develops over time: that is, to better understand the within customer variability in customer loyalty over time. Many companies want to become the preferred supplier, implying that loyalty needs to be monitored and analyzed longitudinally, including its potential drivers. Our study findings reconcile with prior research that commitment and satisfaction are important antecedents of loyalty. However, our study findings also demonstrate the necessity to have repeated data on a same sample of customers such that not only satisfaction and commitment at baseline can be conceptualized, but also that changes in these dimensions over time can be monitored. These findings have also implications for researchers studying customer commitment and loyalty, since in the case of the most carefully conducted longitudinal studies in the existing marketing literature Longitudinal examination (Gustafsson et al., 2005; Verhoef, 2003) , customer commitment as a determinant of loyalty has been treated as a static variable (i.e. conceptualized at baseline only). To the best of our knowledge, Verhoef (2003) represents the only peer reviewed research investigating the longitudinal impact of commitment (affective only) on customer share development but this study considered customer satisfaction, and affective commitment measured at time period 1 only, and did not investigate the impact of change in affective commitment nor change in satisfaction. Also Gustafsson et al. (2005) examined the impact of customer commitment (affective and calculative only, and measured at baseline period only) on actual customer defection rates nine months into the future, but were unable to study change in commitment dimensions since they did not have panel survey data. Most empirical studies in the literature have relied on cross-sectional data; our study findings reconcile with the call by Bolton et al. (2004, p. 277) , namely: "marketers should recognize changes in [attitudinal measures] over time" when evaluating their impact on customer behavior. Second, our study findings offers a viable opportunity for firms to build more direct relationships with customers and to build switching barriers in relation to competitors in order to enhance customers' commitment levels (Gustafsson et al., 2005) . This is because overall our findings reveal that each increase in affective, calculative or normative commitment is associated with an increase in customers' SOW. Nevertheless, these finding are population-averaged effects, meaning that the positive impact of such company investments do not necessarily translate into favorable loyalty trajectories for every single customer. For instance, the segments uncovered in the latent class model of this study reveal that for some customers only calculative commitment at baseline is important (and this is their primary reason to become more loyal to their preferred supplier over time), whereas for other customers investments in building more direct relationships to increase their level of affective commitment seem warranted to enhance their loyalty level towards the company. The findings of our paper suggest that managers should focus their relationship efforts on customers with lower calculative commitment levels, especially if their company is not considered the customers' preferred supplier.
Finally, our study findings unveil how managers can be misled by assuming that every customer will react to commitment improvement efforts similarly and suggest that easy segmentation methods like predefined segments are viable alternatives to take this customer heterogeneity into account. In this study, a predefined segmentation scheme based on a conceptual classification scheme that was proposed in the scientific literature (Reinartz and Kumar, 2003) was employed; for managers it will be important to find and test for alternative ways to form predefined segments and test whether the return on commitment improvements differs across these segments. For instance, companies might consider using existing segmentation schemes (e.g. online versus offline versus multichannel customers; b-to-b versus b-to-c customers; customer with or without a loyalty card, etc.) as a starting point; such existing schemes are easy to implement and will increase the likelihood of actually accounting for potential customer differences when analyzing customer loyalty data.
As with all scientific research of this kind, there are limitations to our study that should be explicitly noted, and these limitations point to directions for future research. Most significantly, our data come from only one firm in one industry, and one country. Therefore, similar longitudinal studies carried out in other industries and cultures offer an opportunity for further research. For instance, in this study it was shown that there exists substantial overlap in cluster membership between the predefined segments and the latent class model. For managers and practitioners that acknowledge the importance of considering customer segments, it is a good thing that such "easier" predefined segmentation models may perform well increasing the likelihood to account for heterogeneity issues using segments in real practice. However, further research and meta-analyses on empirical investigations of different segmentation schemes and in different research settings, seem warranted to enhance our understanding of different segmentation alternatives. Finally, as mentioned before, an in-depth investigation of triggers in a longitudinal research design that covers a longer period is needed to determine whether triggers do have an impact, and how long it takes before such an impact takes effect.
Note
1. Note that Bentein et al. (2005) did not investigate the relationship between changes in calculative employee commitment and changes in employees' turnover intentions, because no change (flat trajectory) in calculative commitment was postulated and observed during the time period of their study. In our study, however, we do find evidence of significant trajectories of change in all dimensions of customer commitment. Consequently, the relationship between the change in all dimensions of commitment (affective, calculative, and normative) and customer share development is examined. 
